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Abstract

Distributed energy systems open up a vast field of research in power electronics. Local
solar power generation requires DC-DC converters that adapt the energy generated by
the panels to on-site distribution buses. In addition, the control of the power converter
to obtain the maximum possible energy from the solar source is crucial for the correct
deployment of these distributed grids. In this work, system-level solutions are proposed
for this application as follows: On the one hand, the use of novel resonant forward-flyback
converters allows for a higher energy density than that of a conventional flyback and
more relaxed withstand voltages on the switching elements. On the other hand, the
implementation of maximum power point tracking algorithms for solar energy using
Edge Al enables the deployment of algorithms that maximize the energy obtained locally.
These improvements are shown by means of a prototype demonstrator, using cutting-
edge microcontrollers and the implementation of a DC-DC power converter based on the
proposed topology.

Keywords: solar energy; low consumption Al; resonant flyback; MPPT; power density;
edge Al

1. Introduction

The use of renewable energies is continuously increasing, motivated by their
technological improvement over time, their independence from fossil sources, and their
reduced environmental impact, which has led to the creation of new electricity distribution
paradigms [1]. This is the case of Distributed Renewable Energy Systems (DRESs), which,
compared to classic centralized structures, allow for better energy management, which is
more resistant to the changes in production inherent in green energies [2—4]. In particular,
solar energy plays a major role thanks to its reduced cost, simplicity, modularity, and
mass-scale replicability (Figure 1) [5,6].

Another typical use case for decentralized solar energy is vehicles that incorporate
solar panels to increase their driving range. Despite the technological challenge they pose,
there are technical motivations for its development, as follows: the constant introduction
of electric vehicles in the market, improvements in the energy efficiency and design of
photovoltaic (PV) solar cells, and advances in lighter materials in automobiles [7,8]. This has
led to these vehicles becoming a reality, either through Vehicle-Added PV (VAPV)—which
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involves adding solar panels to existing vehicle designs, usually on the roof—or Vehicle-
Integrated PV (VIPV)—which involves directly integrating solar cells into the vehicle body
during manufacturing—I[9]. Finally, solar energy allows remote systems to be connected to
the standard grid, facilitating access to energy for aerospace applications [10], agricultural
use [11,12], remote electric vehicle charging systems [13], and small isolated population
areas [14].
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Figure 1. Simplified diagram of distributed PV energy electrically connected (in red) and
communicated (in blue). The presence of edge Al in the distributed network allows nodes to make
accurate, local decisions while interacting with the other components and with the electrical grid.

A common diagram for the implementation of the electronics necessary for solar
generation is shown in Figure 2. The objective of this work is to improve the deployment of
these distributed networks by focusing on the development of power converters for solar
panels, solar energy forecasting, and predictive control of Maximum Power Point Tracking
(MPPT) and its implementation via low consumption Edge Al, making local solar energy
generation more viable and optimal.
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Figure 2. Architecture of the system studied in this work. The focus is on the highlighted box, which
can act as a micro-optimizer for a DC grid, or as the first DC-DC stage upstream of a microinverter.
Here, the MPPT algorithm is implemented to optimize the system’s energy harvesting for which the
voltage and current of the solar panel (Vyy, Ipp) will be measured. They provide the actual power
output of the solar panel (Ppy).

In the following manuscript, the proposed state-of-the-art solutions will be presented
from both a power and MPPT control perspective. Subsequently, the proposed topology
and the Edge Al-based algorithm will be explained in order to achieve low-consumption
control that allows for the maximum amount of solar energy to be obtained. The design
of the proposed system will then be presented, and finally, the experimental results will
be shown.

1.1. DC-DC Converters Used in Micro-Optimizers

Depending on the power system in place, different converter solutions will offer more
advantages than others, as follows: big central inverter systems for several solar panels,
string inverter systems, and more distributed solutions, such as small microinverters or
DC optimizers built into individual panels [15]. This paper will focus on the last two,
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which represent the so-called module-level power electronics (MLPE). Specifically, they are
divided into microinverters, with AC output, and solar power optimizers (SPOs) [16,17].
This distributed approach is highly effective because, in the event of shading circumstances,
the energy obtained from each panel is maximized, without other panels having an effect,
as occurs in more centralized solutions. In addition, the reliability of the system is increased
because if one panel or converter fails, the rest can continue to operate without any
problems. However, it requires voltage and current measurements at each panel, resulting
in a massive dataset, and it increases the number of converters in the system [18].

There are plenty of topologies used for boost DC-DC conversion as a micro-optimizer
in a DC grid, or as the DC-DC stage upstream of a microinverter, that are present in the
state of the art [19]. Regarding the topologies based on non-isolated topologies, they have
the problem of current leakage from solar panels and safety issues due to the non-presence
of galvanic isolation [15].

Regarding the isolated topologies, those that stand out most in industrial use are
the ones based on the flyback converter because of its simple structure, low component
count, high step-up ratio, simple control due to the existence of one active switch, and
reliability [20,21]. However, to increase the efficiency of the flyback, there are resonant
topologies that allow soft switching [22-24]. With these, high power densities can be
achieved but at the cost of greater control complexity, especially in order to cover the
operating range of a variable solar source under optimal converter operation, and a greater
number of components. Examples of these topologies can be seen in Figure 3. In this paper,
a type of hybrid topology will be studied, which takes advantage of resonant behavior to
transmit energy more efficiently but also makes use of a flyback transformer for storage,
which provides greater control versatility [25-27].

Vp Vo Vpv Vo
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—=f Q1 i —|ﬁ}Q4 Iclr
D Dy
\Y%4 \Y4 =
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Figure 3. Examples of topologies used as DC-DC converters in solar MLPE from the solar panel
voltage (Vpp) to the output voltage (V;): (a) Flyback converter, where Qy is the main switch, Q. and
C, are the switch and the capacitor of the active clamp, L;, is the magnetizing inductance of the
transformer and D; is the rectifier diode. (b) Full bridge LLC, where Q1, Q2, Q3 and Q4 are the
switches in the full bridge, L, is the magnetizing inductance, L, and C; are the resonant inductance
and capacitance, and D1, Dy, D3 and D; are the rectifier diodes.

1.2. Al for MPPT

A key element of solar optimization is the control of the MPPT algorithm. There are
many approaches to the MPPT algorithm for solar panel energy production using Al in
the state of the art due to Al capabilities such as Artificial Neural Networks (ANN) to
learn hidden patters and predict information based on them [28-31]. However, even as
this technique has been studied by numerous authors, different input features for these
Al models can be found in the literature. Most of the authors include in these variables
the irradiance and temperature due to their high correlation with the energy production
of solar panels [28,30]. Nevertheless, measured irradiance values add challenges and
limitations to the system such as the cost of this sensor as well as the fact that, due to
external factors such as dust in the air, the measurement may differ between the solar panel
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and the sensor. Due to this, other authors estimate the irradiance values to later use it for
the MPPT algorithm [29,31]. Lastly, approaches based only on voltage and current can also
be found in the literature to avoid the previously mentioned challenges [32-34].

In this paper, we focused on developing an Al technique for MPPT tracking to
control the duty cycle of the previously mentioned hybrid flyback-based converter using
measurements that can be extracted directly from the solar panel (voltage and current) and
from the temperature of the environment. These features, different from the irradiance,
can be easily measured and are not greatly affected by external factors that would lead
to a difference between the solar panel data and the collected data. The proposed tool
uses an initial ANN model for the prediction of an initial estimate that is later used as the
starting point for a traditional Perturbate and Observate (P&O) algorithm [35] to speed up
the optimal duty cycle calculation.

2. Derivation and Operation Principle of the Proposed Converter

The converter topology chosen for the proposed system is an Active Clamp Forward-
Flyback (ACFF) as shown in Figure 4. The circuit consists of a flyback converter structure
to which diode D, and capacitor C;, are added. Thanks to this addition, this topology
offers advantages over a normal flyback, allowing energy to be transferred in a resonant
manner, thus helping to recycle the energy from the leakage inductance of the transformer
(which acts as L,), as well as providing soft switching behavior [36]. In addition, this
works proposes the addition of an active clamp (Q> + Cs;) [37]; this prevents voltage spikes
when switching off Q; and uses this energy to transfer it to the converter output, allowing
switching at higher frequencies than with a passive snubber and, therefore, increasing
efficiency and power density.

Vpv 1:N Vo
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CSYI _L Lr . | | D1
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Figure 4. Basic diagram of the active clamp forward-flyback topology. V, represents the voltage
provided by the PV panel and V, the output voltage of the converter.

A series of approximations are made to facilitate the theoretical analysis of the topology
as follows [25,26]:

1. Components are considered ideal and their parasitic elements are neglected, except for
the calculation of the losses.

2.  Dead times to achieve ZVS, as will be explained, are considered to be much shorter
than the switching period and is not taken into account when calculating the operating
frequency.

3. The voltage ripple across resonant capacitors C, and Cs;, is disregarded, and a constant
DC value is assumed.

The stages of operation of the topology, whose voltage and current waveforms are
found in Figure 5, can be summarized in the following four main phases of energy flow:

https://doi.org/10.3390/jlpeal6020013


https://doi.org/10.3390/jlpea16020013

J. Low Power Electron. Appl. 2026, 16, 13

50f21

Voltage

Voltage

Current

Current

e | Q1
.

| —ip:

| =="ip2

Ph.4 Time

Figure 5. Basic waveforms of the active clamp forward-flyback topology. The figure contains four

graphs (top to bottom) as follows: gate-source voltage of Q1 and Q; (vgs, and vgg,); drain-source

voltage of Q1 and Q; and Cs, (vps,, vps, and vc,,); currents through Ly, Q1 and Q> (i, ig, and

ig,); current through Dq and D, (ip, and ip,).

Phase 1: Figure 6a—During this phase, Q; is turned on. Due to the polarity of Dy,
which is forward-biased, resonance occurs between the L, inductance and resonant
capacitor C,, which is charged. This resonance frequency is given by Equation (1).
Since V) is applied to the magnetizing inductance of the transformer L, it is also
energized. On the other hand, D; is reverse-biased, so there is no transfer of energy to

the output.
1

" VLG N2

Phase 2: Figure 6b—The current through D, naturally becomes 0 due to its resonant

fr )

behavior, resulting in Zero Current Switching (ZCS). Q1 remains turned on for a period
of time that allows L;, to continue charging according to the needs of the converter,
as occurs in a normal flyback. In this way, the total energy charging time () will be
given by Equation (2), depending on the peak-to-peak current across Ly (Ipp) needed
to transfer the required energy to the output.

o _ LopLm
=

)

Phase 3: Figure 6c—Now the energy transfer takes place. After turning off Q;,
and after a brief period of time to reach Zero Voltage Switching (ZVS) in Q; before
turning it on [38], the polarity of the voltage applied to D; changes, biasing it in
forward mode and thus allowing energy transfer to the output. Due to the presence
of the active clamp, this occurs resonantly following Equation (3), causing ZCS in
diode D;.
1 CsuCr - N2
=) = 3

f’r‘ 27_[ Lng e Csn+cr'N2 ( )
Phase 4: Figure 6d—Finally, there is a period of energy circulation when D; is reverse-
polarized again. This period will be extended so that the converter operates in

boundary mode, adapting the frequency for this purpose, thus allowing ZVS in
Q1 when it is switched on again. The total discharge period is given by Equation (4).
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Figure 6. Operating stages of the proposed converter. The direction of the current is indicated by the
arrows: (a) Ly, and C, charge. (b) L;, charge. (c) Energy transfer. (d) Circulating energy.

Applying volt-second balance to Ly, it can be obtained that the gain of the voltage is
given Equation (5).
Vo

%:Nufm

(5)

3. AI-Based MPPT Solution

In this paper, an approach based on ANN and traditional techniques has been
developed to optimize MPPT tracking. This process has been divided into two sub-
scenarios where a different algorithm has been used for each one. Due to the necessity of
reference data for the training process of the Al algorithm, the public dataset provided by
the University of Humboldt, located in a coastal area of the United States and called
HSU [39], has been used. This dataset contains information of the temperature and
irradiance in the area for every minute. This dataset includes data over multiple years
to ensure that it captures possible differences among time and challenging scenarios.
The timestamp of the first data sample is 5 September 2020 and the last one is 1 September
2023. Consequently, approximately 3 years of real data has been used for the development
of the proposed solution.

Based on sensor data from this dataset, the expected voltage (V) and current (I)
generated by the solar panel depending on irradiance (G) and temperature (T) can be
calculated using the steps shown in Algorithm 1 [29,40,41], defined by the PV cell in
Figure 7. Depending on the solar power generation system used, including the number of
cells in series (Ns) and in parallel (N;), the parameters of Algorithm 1 can be modified to
generate the training data required for the target application.

Because it contains real-world data, this dataset already includes intrinsic artifacts
such as different levels of noise in comparison with synthetic datasets. Thus, no extra noise
was added to the data during the training—testing of the algorithms since it could lead to
scenarios that highly differ from real-world conditions.

https://doi.org/10.3390/jlpeal6020013
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Figure 7. Equivalent electrical circuit diagram of a PV module.

Algorithm 1. PV curve generation

1:
2:
3:
4:
5:

6:

7:

8:

9:

10:
11:
12:

13:
14:

Initialization of reference values

Virer =7 k- Trer-Ns/q // «v: ideality factor, k: Boltzman constant (J/K), q: electron’s elementary charge (C)
foreach T, G do
Rp = Ry ref - G/ Gref // Rp: PV shunt resistor ((2)
Vi = Viser - T/ Tres // Vi: thermal voltage (V)
TZ
E¢ = Egref —a- (T'i'ﬁ) // Eg: band gap energy (eV), a: short-circuit current temperature coefficient
I = [IL,,ef + (T - Tref)} G/ Gyey // I1.: short circuit current (A)
I, = [I (T/T, )3} -ex Egref — i // I : diode saturation current (A)
s = |lIsref ref p k- Tref kT L:
Voc = Voe,ref - dVoc /100 /] Vioc: open circuit voltage (V)

forV=0toV=V,do
[=Np-IL—Np-1I- {exp(

end for

V +IR V +1IR
* s)—l}— 1% // Rg: PV series resistor (())

v, R,

end for
return V, 1

3.1. Equivalent Circuit of the Converter Used for the Model

In order to obtain the maximum energy from the solar panel, the converter has to
polarize it at every moment [29]. For this purpose, the resistance seen by the panel is
modified depending on the control element of the converter (the duty cycle D) by analyzing
the equivalent circuit in Figure 8 [42].

LAEE
| o |
e
d
o
=)
| o |
| S—

Figure 8. Equivalent converter resistance for solar panel polarization.

Vv,
Req:Tm
(6)
R —E—>R = (1 - D)?R,/N?
o—Io eq—( ) 0

The extreme cases of equivalent resistance that can be seen by the panel, and which
therefore define the range of polarization against different cases of irradiance and
temperature of the solar cell, are given by the following equation:

https://doi.org/10.3390/jlpeal6020013
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D = 0= Reg,,. = Ro/N? -
D =1= Re,,, =0
Req - N?
D=1—/—%— (8)
0

3.2. Al Algorithm

As previously mentioned, the proposed Al approach can be split into two different

stages based on the nature of the problem, as well as the technique used in each of

these steps, as follows:

The first sub-scenario contemplates the initial estimation of the duty cycle when the
external parameters such as temperature and irradiance change. For this, a Multi-Layer
Perceptron (MLP) ANN model is used to predict a new set of values for the optimal
current and voltage. These parameters are later used to calculate the duty cycle of the
system using Equation (5). The data that this model takes as input for the prediction
are the environment temperature, new voltage (Vp), and current (Ip) production based
on the previous duty cycle, as well as the variation of these measurements with
respect to the previous iteration (§V and 41). In this way, the system only needs direct
measurements from the system, except for the environment temperature, which can
be easily measured.

The second sub-scenario refers to the internal optimization under the same environ-
mental conditions. This way, the system will be further optimized to improve its
performance regarding the optimal duty cycle estimation using a P&O algorithm. This
algorithm has the advantages of low cost and easy implementation. On the other
hand, it also has disadvantages related to its low adaptation speed, leading to a large
number of iterations each time it is used. However, since in this approach it uses the
MLP model prediction as starting point, the number of needed iterations to achieve
an accuracy over 99% is highly reduced as it will be explained in Section 5.

Therefore, the proposed approach can be summarized in the following steps, where

steps from 1 to 5 represent the first sub-scenario, based on the commented MLP algorithm,

and steps 6 and 7 represent the second one, using the P&O algorithm, as follows:

1.

Generating V-I values based on a new sample of irradiance and temperature using
the steps commented in Algorithm 1. The same approach is used to calculate the
optimal value of the duty cycle that will be used as reference for the training of the
Al algorithm.

Extract voltage (Vp) and current (Ip) generation based on the estimation of the duty
cycle of the previous iteration.

Calculate the variation of voltage (JV) and current (JI) between the previous iteration
and the current one based on the previous duty cycle.

Normalization of Vj, Iy, and the environment temperature into the range from 0
to 1 and the (6V) and (JI) parameters into the range from —1 to 1 to maintain the
information of the direction of the variation of the voltage and current.

Duty cycle estimation (Dy) from the V; and I; output from the trained MLP model
using the normalized Vj, Iy, (6V), (6]), and the environment temperature as inputs.
P&O execution using as input the Dy extracted from the estimation resulting from
the MLP as initial estimation and a maximal deviation of 1% based on the MLP error
during the training sessions.

https://doi.org/10.3390/jlpeal6020013
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7. Step 5isrepeated until the model achieves a change under a 0.1%, when it is considered
that the algorithm converged.

These steps are repeated for every minute, when new temperature and irradiance
values are collected. This way, the model will be able to calculate a first accurate estimation
with a low latency and later the P&O algorithm ensures the further optimization and
convergence of the approach. Information about the performance of this approach will be
discussed in Section 5.

Al Algorithm Training

During the development of the previously discussed neural network, multiple
topologies and hyperparameter configurations were evaluated using GridSearch. This
technique iterates over all possible combinations of provided values for all relevant
hyperparameters needed during the training process of a neural network to select the
one that reaches the best performance based on a metric selected by the user (in this case
accuracy). During the execution of this technique, as shown in Table 1, multiple numbers
of layers, neurons per layer, batch sizes, and learning rates were studied. Each of the
values from each column where combined with all other possible candidates from other
hyperparameters to ensure all possible combinations (48) from those hyperparameters
were evaluated.

Table 1. Possible configurations for neural network’s hyperparameters evaluated with GridSearch
technique, where 4 possible values for the layer/neurons, 3 possible learning rates, and 4 values for
the batch size were evaluated.

Candidate Hyperparameters

Structure Learning Rate Batch Size
[5, 64, 128, 64, 2] 0.01 8
[5, 64, 128, 128, 64, 2] 0.001 16
[5, 64,128, 256, 128, 64, 2] 0.0001 32
[5, 64, 128, 256, 256, 256, 128, 64, 2] - 64

After that, the resulting best configuration was a MLP with the topology shown in
Figure 9. In this figure it is possible to observe how the developed MLP has nine layers
with 5, 64, 128, 256, 256, 256, 128, 64, and 2 neurons respectively. All layers include a
ReLu activation layer after every dense layer except for the first layer, which uses sigmoid
to consider the possible positive and negative input values as well as the last layer that
maintains a linear activation.

The rest of the hyperparameters selected with GridSearch as well as other parameters
relevant for the training such as the number of training—testing samples are shown in
Table 2.

Table 2. Additional parameters used for the training of the developed MLP.

Parameters Value
Training samples 336,077
Test samples 172,259
Epochs 50
Learning rate 0.001
Batch size 32

https://doi.org/10.3390/jlpeal6020013
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Figure 9. Diagram of developed neural network structure. First layer (in orange) has sigmoid
activation, output layer (in green) has a linear activation, and the rest of the network (hidden layers
marked in blue) includes ReLu activation.

4. System Design Considerations

Selecting the ACFF converter turn ratio (N) is one of the key elements for sizing the
power stage. As can be seen in Equations (5) and (6), this will be decisive for the points
where the converter will be able to polarize in the MPPT and for it to be able to act on the
desired voltage range. Figure 10a,b shows the different polarization points (output power
vs. voltage and output current vs. voltage, respectively) of a solar panel according to the
model in Figure 7 and the Algorithm 1 for a sweep of different cases of irradiance and
temperature. The solar panel model used is a 72-cell, 230 W commercial one. In Figure 10b,
Equation (7) is applied to the value of the V-I curve, which determines the minimum R.q,,;,
that the converter can achieve by dimensioning. Any polarization point below that curve
cannot be covered in any way by varying the duty cycle, which prevents maximum power
extraction from the panel for low irradiance values, which is not desirable.

MPP —— G = 1000 W/m? T = 30°C 'Only V-1 points above
6 L Reg,min can be covered
by the converter.
s— G =800 W/m? T=25°C
~N
<
N2
=4t
=]
g ——G =550 W/m? T =20°C
23t
z ,min N = 6.5
2 = G=300W/m?T=15C
Req,min N=5
1 P ST
—G=120 W/m? T=10°C= = — \ Regmin N =3.5
0 axkETEooITT plghghy dm—-mpmm-pe==p==- Regmin N =2
0 5 10 15 20 25 30 35 40 45
PV voltage (V) PV voltage (V)
(@ (b)

Figure 10. Different electrical performance curves of a 72-cell, 230 W commercial PV panel under
different temperature (T) and irradiance (G) circumstances: (a) Power vs. voltage. (b) Current vs.
voltage, where Reg,min [Equation (7)] is shown for different values of turn ratio N. The red arrow
indicates the direction of the V-I range that the converter is able to achieve with its R.;.

On the other hand, the turn ratio N will determine the maximum voltage at which
the converter components must operate according to the equations in Table 3. And finally,
as Equation (5) indicates, the turn ratio will also determine the voltage range between input
and output. Figure 11 visually shows the trade-off that must be taken into account for the
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correct selection of components, which, together with Figure 10, will determine the value
of N that meets an acceptable MPP range, low-voltage components that allow for lower
parasitic resistances and therefore greater efficiency, and an output voltage range suitable
for operating with a downstream DC-AC stage or a DC grid without the duty cycle D not
going to extreme values.

Table 3. Withstand voltage of the different converter components.

Component Withstand Voltage
Resonant capacitor Ve, =NV
Switches Vo, Vo, = Vo/N
Diodes Vb, Vb, = Vo
Snubber capacitor Ve = NV — Vo
0o - VC, 80 T T T
—N=2 N=5
\ - - Vo Ve O N=35-N=65
Y === Vp1,Vp, 60y /
3001 1 i
S . T 50 i
S
0

10 20 30 40 50 60 70 80 90
Turns ratio (N) Duty cycle (%)

() (b)

Figure 11. Effect of turn ratio N over: (a) Withstand voltage of the components. (b) Input to output
voltage gain. A nominal working voltage of V,, =37 V and V, = 400 V is considered.

Figure 12 summarizes the steps for designing the proposed system. It starts with
the specifications of the solar panel to be used. With this data, the range of operating
voltage and power is obtained. Knowing this, and using the previous discussion, the most
appropriate turn ratio (N) for the application can be selected. This will determine the
selection of devices based on their withstand voltage (Vc,, Vo,, Vo,, Vbp,, Vp,, and V).
The parasitic capacitance of the switching devices can be used to obtain an approximation
of the operating frequency range (fsw) needed to achieve ZVS as explained in [38,43,44].
Using Equations (2) and (4), and knowing that the magnetic flux depends on the peak-to-
peak current Iy, By = (L - Ipp)/ (Nt - Ae), where A, is the core effective area and Nt is
the number of turns, it is possible to design the transformer seeking non-saturation and
low volume [25]. Once the magnetizing inductance L;, and the leakage inductance of the
transformer Lj; have been characterized, the resonant capacitors (C, and Cs;,) are selected
so that the frequencies given by Equations (1) and (3) meet the ZCS condition (i.e., they
complete half resonance during the half-cycle of operation). Finally, when the power stage
is known, the necessary dataset is generated for training the proposed neural network.

To calculate the theoretical estimate of losses in the converter, the same approach is
followed as that described in [25]. Thus, the following loss mechanisms are taken into
account: switching losses, which are assumed to be zero due to the implementation of soft
switching; losses due to MOSFETs driving; magnetic losses in the core; and conduction
losses due to RMS current in the switches, diodes, capacitors, and magnetic components.
Figure 13a shows the non-ideal components that cause these losses. In order to perform
this analysis, and unlike the approach followed in Section 2, the parasitic elements of the
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components are taken into account as follows: the drain-source resistance (Rpg) of Q; and
Q2, the forward voltage (V) drop across diodes D; and D5, the DC and AC resistance in the
transformer wires, and the Equivalent Series Resistance (ESR) of the capacitors. Simulation
tools are used to calculate the RMS currents. The result of this estimation for the final
design in Section 5.1 can be seen in Figure 13b. Differences are observed compared with the
experimental study, due to the absence of certain parasitic resistances in the model (such as
those present in the Printed Circuit Board -PCB- and in the solder joints) and to variations

in the estimates, such as the AC losses in the transformer.

Obtaining specifications based on the solar source IEI

—> Vpy, Vo, Py
<

L 4

Selection of turn ratio for ACFF topology EE
—> N, VQI' VQz; Vb1, V2, Ver, Ve Dmaxs Dmin
Selection of power semiconductors
—> Coss, Rds:fsw
EI. Desing of transformer and resonant capacitors
—> Bmax, Cr, Csn, Plosses

&

Generating dataset with solar source and converter
—> Edge Al neural network training

Figure 12. Diagram summarizing the system design.
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D

(a)
Figure 13. Estimation of losses in the converter based on parasitic components: (a) Non-idealities to
consider in the ACFF topology. (b) Theoretical results for the chosen design at nominal condition

(G =1000 W/m2, T =25 °C, Vi, = 37 V, V, = 400 V, P = 230 W).

5. Experimental Results
The demonstrator in Figure 14 is carried out to show the system proposed. It consists

of a DC-DC converter built in-house at Infineon Technology’s laboratories in Munich,
Germany, which is powered by an external source. To emulate the solar panel and apply
the Edge Al-based algorithm for MPPT, a simulator has been set up on a Raspberry Pi 4 to
facilitate the validation of the converter and the neural network on which this work focuses
and enable the demonstrator to be showcased at trade fairs, exhibitions and other events.
Additionally, there is a graphical interface connected via Bluetooth to display results in real
time. The power stages and neural network focused on in this manuscript are explained in

detail below.
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5.2 MPPT Implementation
- i
- - N i
PV Panel Al Edge hardware 5 g{ S=hS

oo | e :i OFl N I IO}

PV Panel emulation

DC-DC converter |

Relevant
data in App
for tablet

5.1 Power Stage

Figure 14. Demonstrator of the proposed hardware (HW) solution. The diagram highlights the two
blocks on which the experimental section focuses: on the one hand, the power stage, developed
in Section 5.1, and on the other hand, the implementation stage of MPPT control using Edge Al,
explained in Section 5.2.

5.1. Power Stage

Figure 15 shows the prototype to operate on the described 72-cell, 230 W solar panel
used for the experimental validation. The key components for this validation are shown
in Table 4. The power components are supplied by Infineon, while the transformer is
custom-built at Infineon’s laboratories in Munich alongside the rest of the power converter,
using Ferroxcube’s 3C95 core material. Following Figures 10 and 11, the final selected turn
ratio is N = 3.5. This value allows a wide range of V-I curves covered, allowing the MPPT
algorithm to work even with low irradiance values, while enabling the use of devices with
relatively low primary voltage and achieving an optimal voltage gain.

DC-DC power stage

Vpy DC inputg S V, DC output

Figure 15. DC-DC converter prototype based on active clamp forward-flyback resonant topology
built for the experimental tests.

Table 4. List of relevant components.

Component Device Values
ISC044N15NM6
Q1 & Q2 Infineon OptiMOS™ 6 150V, 4.4 mQ), 1200 pF
IDDO05SG60C Infineon
D1 SiC Schottky Diode 600V, 5 A, 6nC
IDD03SG60C Infineon
D> SiC Schottky Diode 600V,3 A, 32nC
C, x6 MLCC-SMD 1206-X7R 200V, 0.156 uF
Csn x5 MLCC-SMD 1206-X7R 100V, 470 nF
Core: EQ38/25-3C95 Ly, =56 uH
_ . m = I
Transformer Np =4,x2 TIW Litz (180 x 0.1 mm) L, = 220 nH

N, = 14, Litz (80 x 0.1 mm)
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Efficiency results for a sweep of loads at nominal weather conditions (G = 1000 W/ mz)
and irradiances at nominal power are shown in Figure 16. The maximum level of efficiency
(97.18%) is achieved at maximum load and nominal irradiance.
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N S (=

4
T

@
5}

©
=N

97.2 T T T

=
5

B
g----143 | 97} J
& 96.8 | g
4 IS
- =X
<
.f = 96.6 - J
, 2
, 1
5 964 - 4
| &
™ 962 E
,
/
L ] J
m %,
A
. . . . . . . | 95.8 - - - - - - -
20 30 20 50 60 70 80 90 100 200 300 400 500 600 700 800 900 1000
Output load (%) Irradiance (W/mz)
(@ (b)

Figure 16. Experimental measurements of power stage efficiency for different cases. (a) Efficiency vs.
load at nominal weather conditions (G = 1000 W/m?Z, T = 25 °C). (b) Efficiency at nominal conditions
for different irradiances.

Finally, the experimental waveforms obtained using an oscilloscope in the converter
laboratory are shown (Figure 17). The experimental behavior of the theoretical analysis
carried out in Section 2 can be observed. Soft switching helps to improve the converter’s
efficiency. Furthermore, it also helps to reduce the electromagnetic interference (EMI)
emitted, in addition to a layout design aimed at reducing current loops in the power
stage [45]. In addition, switches based on Si technology, such as this case, exhibit lower
rising and falling slopes when commutating than those based on gallium nitride (GaN) [46].
This will help ensure compliance with electromagnetic compatibility standards when
integrating the system with solar panels.

an 651 -
. A N 1 [ Vese
gZVS (in primary)
Vb2
(oY | UUUOUS JOUUUOUYS JUUUPUUNL S \
/JZCS (in secondary)
"\ A
- \ oo N )
CH4 / \ g// \ 1Ly
_ 4 N N
U oy AN 1
= avic
Vl)ng
ZVS

[CTR (PR R ]

DC 4M DC8M DC20M  [DC8M
250 V/div 200 V/div | 50.0 V/div  [20.0 A/div
500:1 10:1 bl 10A:1V

10:

Figure 17. Waveforms of the DC-DC converter for the nominal case (G = 1000 W/ m2, T =25 °C,
va =37V, V,=400V, P =230 W.).

Comparison to Related Power Converters

To put the work carried out into context, a comparison is made with other state-of-the-
art approaches. In terms of size and cost, the power converter will be the main component
of the proposed system. In order to compare different solutions, several factors must be
taken into account, namely, rated power, input and output voltage ranges, number of
components, operating frequency, and the maximum voltage that the components must be
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able to withstand. Table 5 summarizes several state-of-the-art step-up converters operating
in a comparable power range (200-300 W) to the proposed converter [19,47-50].

Table 5. Comprehensive comparison of power converters used as step-up DC/DC converters in
solar applications.

Proposed Converter Converter Converter Converter Converter Converter
Converter in [51] in [52] in [53] in [54] in [55] in [56]
Maximum 97.18% 96.10% 94.44% 94.37% 95.80% 92.00% 96.84%
efficiency
Output 230 W 300 W 240 W 200 W 250 W 300 W 300 W
power
Tested input 3540V 25-50 V 3BV 18-36 V 2040V 25-35V 26V
voltage Vyy
Tested output 300400 V 760 V 380V 200 V 400V 400V 400V
voltage V,

Working 200 kHz 75-110 kHz 40 kHz 40 kHz 10-20 kHz 100 kHz 50 kHz

frequency

Voltage N [51] 3-D 2(N+1) 4N D [56]
gain (1-D) (1-D) (1-D) (1-2D) 2N(1-D)

Switches E Vo 1 Vo 4V Vo Vo
stress N (1-D) 2(N+1) (1-2D) (1-D)?
N of 2 6 1 2 3 4 1

switches
N° of 2 8 4 4 5 10 7

diodes
N of 1 1 2 4 2 4 4
magnetics
N of 2 5 4 4 4 2 6
capacitors
Total 7 20 11 14 14 20 18
components
Isolated Yes Yes No No Yes Yes No

As can be seen in Table 5, high efficiency can be achieved with a significantly lower bill
of materials for the power components (switches, diodes, capacitors, and magnetics). This
enhances the economic and operational viability of the proposed converter, as these are
the most costly elements. Furthermore, as the MOSFETSs used are silicon-based, they offer
good performance at a lower cost; however, the use of GaN semiconductors will enable an
increase in output power while maintaining high power density [43]. These power ratings,
which apply to a 72-cell solar panel, could be scaled up using converter with the same
nominal power rating connected in parallel or in an interleaved configuration, as described
in the literature [57,58].

5.2. MPPT Implementation

The HW design proposed for the integration of PSoC Edge with the DC-DC converter
is the one shown in Figure 18.

It will use a novel low-power PSoC Edge E84 SOM [59] as the core of the solution.
It will enable the neural network to be deployed in harsh outdoor environments where
the solar energy system is to be installed, with an operating temperature range from —20
to 70 °C for the consumer version and from —40 to 105 °C for the industrial version [60].
In parallel of the HW development, firmware (FW) development is being carried out using
PSoC Edge as core where Al models would be integrated, as well as all necessary code to
measure variables and communicate with other modules as a DC-DC converter based on
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FPGA. This custom HW as well as the PSOC Edge board are shown in Figure 19, where the
custom HW is the blue board under the red board (PSOC Edge).

Mobile App

),
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Figure 18. Diagram of the proposed HW solution for the MPPT implementation. It shows the various
components that make up the PCB designed for the interface of the microcontroller with the system:
voltage (V) and current (A) sensors, communication modules (UART, I2C, and BLE), and power

supply Vpp.

Figure 19. Prototype of the proposed HW solution for the MPPT implementation.

Apart from the required FW for the data acquisition, this system also includes
a Bluetooth communication protocol integrated in the developed custom HW for the
transmission of the system information, such as the Al model prediction, to an external
device that the user could access for monitorization purposes. This module, as well as the
previously mentioned module for the ANN model execution, the power management, and
the sensing stage modules can be found in Figure 18, where the developed HW architecture
is shown.

The Al algorithms, as shown in Figure 18 are executed at the network edge in the
PSOC Edge device. This platform does not only include a Cortex M processing unit but
also a dedicated Al accelerated unit, which improves the energy consumption and latency
of the system. For the better deployment in this system, the ANN model is quantized. This
process converts the parameters and mathematical operations in this algorithm from float
values into integer values using eight bits. As a result of this, the memory footprint as
well as the time required to execute this algorithm are highly reduced. However, due to
the reduction in the precision of the parameters, the accuracy of the model may also drop.
To try to mitigate this issue, this technique has been implemented during the training of
the model, also known as quantization-aware training [61]. This way, the model can learn
during the training process that its parameters will use eight bits, and it is able to take this
into account during the training process.

5.3. Al Approach Results

In this subsection, the performance result of the proposed Al technique will be
discussed. For this, Table 6 shows not only the performance results of the developed
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approach but also the performance of traditional techniques as well as the performance of
the developed ANN model before its quantization for benchmarking purposes.

As shown in Table 6, it can be observed how the quantization process led to an accuracy
reduction of the trained MLP model even when using the quantization-aware training.
On the other hand, as previously mentioned, it can be observed how the same process also
led to a latency reduction from 7 ms to 0.3 ms. To tackle the issue of the model accuracy
drop, some of its latency has been sacrificed by integrating a P&O algorithm to further
increase its accuracy to 99.73% at the cost of 0.0125 ms additionally consumed for the duty
cycle estimation. These extra P&O iteration is, on average, five steps due to the close initial
approximation of the MLP model. Due to this combination of our quantized MLP model as
well as the P&O, it achieves higher performance than state-of-the-art P&O technique.

It is possible to observe how the P&O algorithm consumes 0.15 ms in comparison with
the proposed method Quantized MLP (Int8) + P&O which requires 0.3125 ms even when
this last method only needs seven iterations in comparison with the P&O, which requires
sixty iterations. The traditional P&O method is still faster since, even when it needs a larger
number of iterations, each iteration requires less calculations. This leads to a final faster
execution even when the proposed method Quantized MLP (Int8) + P&O requires less
iterations. Apart from the fact that the proposed method reduces the number of required
iterations, it also has the benefit that, in highly changing scenarios, since the MLP model
will provide a first estimation in a single iteration, it will converge faster than the traditional
P&O algorithm which requires evaluating the whole space of the possible MPPT.

These algorithm’s accuracy can be later converted into the average energy production
per year based on the information from the used dataset [39]. This information is also
added in Table 6 where it is shown how the largest energy production is achieved with the
float model due to its high accuracy, followed by the combination of the quantizied model
and the P&O approach, which produces a 0.05% less energy per year on average.

Table 6. Performance result benchmark including the proposed algorithm (with and without the
quantization process) as well as other reference techniques. The results correspond to an average
value computed over the entire dataset.

Model Number of Iterations Latency Accuracy (%) Generated Energy (kWh)
Proposed MLP (Float32) 1 7ms 99.98 321.83
Quantized proposed MLP (Int8) 1 0.3 ms 95.83 308.47
Quantized proposed MLP (Int8) + P&O 7 0.3 ms + 0.0125 ms 99.73 321.02
P&O 60 0.15 ms 99.13 319.09

Therefore, the use of this low-power microcontroller with Edge Al—which costs
around $12 for small-scale purchases according to the manufacturer’s website [59]—
represents a significant improvement in terms of the energy the system can achieve over
time, especially in countries where energy costs are high and dependent on fluctuations
in the price of fossil fuels. Furthermore, this concept could be scaled up to higher-power
configurations, making its cost-effective implementation even more feasible.

6. Conclusions

Throughout this manuscript, the combined use of a topology that is currently
unexploited in the state of the art, together with Edge Al for MPPT control in solar energy, is
proposed. On the one hand, the active clamp forward-flyback resonant topology provides
soft switching and forward energy transfer through capacitors, enabling high conversion
efficiency while allowing a wide voltage range. On the other hand, the application of an
Edge Al-based MPPT algorithm allows the energy obtained from the solar source to be
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maximized through smart prediction of weather fluctuations. To show these concepts,
an experimental demonstrator is proposed with a DC-DC converter based on the topology
that achieves an efficiency of up to 97.18% with silicon switches. Furthermore, MPPT
control is implemented using Edge Al in a novel low-power microcontroller that enables
intelligent local forecasting with few resources, achieving high accuracy of up to 99.98% in
a non-quantized, single-iteration model and up to 99.73% in the quantized model tuned
with seven iterations.
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Abbreviations

The following abbreviations are used in this manuscript:

AC Alternating current

ACFF Active clamp forward-flyback

Al Artificial intelligence

ANN Artificial neural network

DC Direct current

DRES Distributed renewable energy system
ESR Equivalent series resistance

FwW Firmware

GaN Gallium nitride

HW Hardware

MLPE Module-level power electronics
MOSFET Metal oxide semiconductor field effect transistor
MPPT Maximum power point tracker

PCB Printed circuit board

PV Photovoltaic

Si Silicon

RMS Root mean square

SPO Solar power optimizer

VAPV Vehicle-Added PV
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VIPV Vehicle-Integrated PV
ZCS Zero current switching
ZVS Zero voltage switching
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